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Abstract: From algorithmic information theory, which connects the information content
of a data set to the shortest computer program that can produce it, it is known that there
are strong analogies between compression, knowledge, inference and prediction. The more
we know about a data generating process, the better we can predict and compress the data.
A model that is inferred from data should ideally be a compact description of those data.
In theory, this means that hydrological knowledge could be incorporated into compression
algorithms to more efﬁciently compress hydrological data and to outperform general purpose
compression algorithms. In this study, we develop such a hydrological data compressor,
namedHydroZIP,andtestinpracticewhetheritcanoutperformgeneralpurposecompression
algorithms on hydrological data from 431 river basins from the Model Parameter Estimation
Experiment (MOPEX) data set. HydroZIP compresses using temporal dependencies and
parametric distributions. Resulting ﬁle sizes are interpreted as measures of information
content, complexity and model adequacy. These results are discussed to illustrate points
related to learning from data, overﬁtting and model complexity.
Keywords: data compression; algorithmic information theory; hydrology; inference;
streamﬂow; MOPEXEntropy 2013, 15 1290
1. Introduction
Compression of hydrological data is not only important to efﬁciently store the increasing volumes of
data [1], but it also can be used as a tool for learning about the internal dependence structure or patterns
fromthosedata[2–4]ortodetermineitsinformationcontent[5]. Importanttopicsincurrenthydrological
literature are the information content of data and inference of models from data, while simultaneously
taking uncertainties and prior knowledge on physical processes into account [6–9]. There is a large body
ofhydrologicalliteratureonstatisticalapproachesanduncertaintyestimation, see[10–12]forreferences.
Recently, also information-theoretical approaches have been used to address these questions [9].
It is important to recognize the effect of prior knowledge on information content of data. This effect
can be intuitively understood and analyzed from the theoretical perspective of algorithmic information
theory (AIT) and a related practical data compression framework.
In this work, we will introduce the AIT perspective to hydrology. We do this by using the related data
compression framework for a practical experiment in which we develop a compressor for hydrological
data and test if incorporating prior knowledge of features of hydrological data enhances compression.
This should be seen as a ﬁrst step towards the application of learning by compression in hydrology.
The main objective of this paper is to illustrate the data compression view on inference with a practical
example, and to generate ideas for follow-up applications in hydrology.
The remainder of this introduction gives some background on algorithmic information theory and
its relation to compression and model inference. We also elaborate the objective of this paper and the
potential for the compression framework in hydrology (Section 1.2) and relate it to previous work on
information theory in the geosciences. In Section 2, we shortly describe the data set and the compression
algorithms used in a previous study, which will serve as a benchmark for the hydrology-speciﬁc
compressor developed in this paper, HydroZIP (Hydro: hydrological data, to zip: to compress data [13])
whichisdescribedinSection3. TheresultingﬁlesizesarepresentedinSection4andtheirinterpretations
discussed in Section 5, where also the caveats of the present study are discussed and future research
directions are discussed.
1.1. Background
In principle, ﬁnding a good compressor for data, i.e., a compact way to describe it, is a very similar
process to ﬁnding a model of those data, i.e., model inference. The compressed data could for example
take the form of parametrized model and its parameters, plus a description of the part of the data that
the model cannot explain, i.e., the residuals. If the model has a high explanatory power, it leaves little
uncertainty and the small part of missing information after knowing the model output (the residuals) can
be stored far more compactly than the original data.
When the model of the data is not known a priori, it needs to be stored with the data to have a
full description that can be decoded to yield the original data. This extra description length reduces
compression and acts as a natural penalization for model complexity. This penalization is reﬂected in
many principles of algorithmic information theory (AIT), such as Kolmogorov complexity, algorithmic
probability, and the minimum description length principle; see [14–19]. These principles are consistent
with, and complementary to, the Bayesian framework for reasoning about models, data and predictions,Entropy 2013, 15 1291
or more generally the logic of science [15,20–22]. If there is a priori knowledge of model principles
or predictive data are available, information content and compression become related to conditional
complexity. This complexity is the additional description length necessary to reproduce the data, when
some other data (cf. input ﬁles) or algorithms (cf. software libraries) are already available, leading
to notions of conditional Kolmogorov complexity and information distances and compression based
clustering [17,23,24]. The conditional complexity is always smaller than or equal to the unconditional
complexity, with equality when the prior knowledge is unrelated to the data to describe. For a more
elaborate and formal introduction and references on the link between data compression and algorithmic
information theory, the reader is referred to [25] in this same issue, or [5] for a hydrologist’s perspective.
In practical implementations of data compression, it also should hold that for an algorithm that
is generally applicable for many types of data, the compression rates will be worse than those of
compressors geared toward one speciﬁc type of data. For data-speciﬁc compressors, prior knowledge
is coded in the compression and decompression algorithms. The size of the compressed ﬁle can then be
regarded as the conditional complexity of the data, given the prior knowledge coded in the decompressor.
Depending on whether the prior knowledge is regarded as already established or as a hypothesis that
should be corroborated by the data, the description length of interest as measure for model adequacy
either is only the compressed ﬁle size or should include the size of the decompressor.
1.2. Research Objective
In this paper we aim to introduce and practically demonstrate a data compression oriented information
theoretical framework for learning from data, well-known in theoretical computer science, to the ﬁeld
of hydrology or more generally to the geosciences. In these sciences, we often deal with processes in
complex systems that can only be partly observed but whose behavior can, on some scales, be relatively
easy to predict with simple models calibrated to the data. Prior knowledge from the laws of physics, such
asbalancesofmass, energyandmomentum, isoftendifﬁculttoincludeatthescalesofinterest. Thedata-
driven and physically-based modeling approaches are therefore both useful for making predictions and
understanding the systems on different scales, but combining the strengths of both approaches remains
difﬁcult. Although in theory knowledge of physical processes should result in better predictions, there
are many problems plaguing distributed physically based hydrological modeling [26–28]. Eventually,
an information theoretical framework, using the notions of model complexity, description length and
compression, may help to unite the two approaches to modeling. The framework may increase intuitive
understanding about why and when one approach works better than the other, and how prior knowledge
and data can be optimally combined across scales.
The objective of this paper, however, is more modest. We mainly aim to demonstrate in a context
of hydrological practice how knowledge helps compression, and how compression relates to model
inference. We do this by developing a compressor that looks for predetermined structures often found in
hydrological precipitation and streamﬂow data and codes them efﬁciently. We then test if the compressor
can outperform general purpose compressors by using the results found in an experiment described in [5]
as benchmark.Entropy 2013, 15 1292
1.3. Related Work
In hydrology and atmospheric science, information theory has been used to quantify
predictability [29–32], in forecast veriﬁcation [33–38], for monitoring network design [39–41]. See [42]
for a review of applications in hydrology. Information theory has also been used in ecology for analysis
of time series complexity [43,44]. The information content of hydrological time series is also interesting
in the context of what can be learned from them [7,45–48]
Price [49]used information theory to determine the information content in satellite images, but did not
speciﬁcally look at compression to account for dependencies. Horvath et al. [50] compared compression
ratios for different algorithms on biometrical data. Compression-based approaches are also used in
bioinformatics [51].
2. Data and Methods
2.1. The MOPEX Hydrological Data Set and Preprocessing
For the experiments described in this paper, the same preprocessed data set was used as described
in [5]. The starting point of this data set is the time series of precipitation (P) and streamﬂow (Q)
for the 438 river basins in the data set of the model parameter estimation experiment (MOPEX), see
also [52]. These time series contain daily average values of streamﬂow at gauging stations and daily
precipitation averaged over the corresponding catchments. For our study, days with missing values in
either Q or P were deleted from the series. Subsequently, the series of streamﬂow were log-transformed,
ﬁrstly to reﬂect the heteroscedastic precision of the measurements, and secondly to get a more relevant
quantization, since often the importance of absolute differences in streamﬂow increases with diminishing
streamﬂow [53]. See also [5] for more discussions on the subjectivity of information content of
hydrological time series. A small number (10−4) was added to the streamﬂow before log-transforming
to avoid problems with ephemeral streams that contain values with zero streamﬂow.
Both time series of P and Q are subsequently linearly mapped to a range between 0 and 255 and
rounded to integers, so the values can be stored with 8 bits (1 byte) per time step, or 8 bits per symbol
(8 bps). The river basins with less than 500 days of data for both P and Q were left out, leaving 431 river
basins for our analysis.
2.2. Benchmark Test Using General Compressors
As benchmarks for the hydrological data compression algorithm we develop in this paper, we use
results from a previous experiment [5] using a selection of widely available compression algorithms.
Most of them are incorporated in dedicated compression programs, but we also used compression
algorithms that are used in some picture ﬁle formats, by saving the hydrological data as pictures.
The compression algorithms used were: WAVPACK, JPG (lossless), GIF, PPMD, LZMA, BZIP2,
PNG, PNG-365 and SFX (a self extracting archive). For PPMD, LZMA and BZIP2, we used the
implementation in the program 7zip by Igor Pavlov. For more details on the algorithms we used, see
the descriptions in [5] and the papers referenced there [54–58].Entropy 2013, 15 1293
3. Development of the Speciﬁc Compressor: HydroZIP
3.1. Entropy Coding Methods
Discrete signals, such as the ones considered here, can be compressed by choosing short bit strings
(codewords) for frequently occurring values and longer codewords for rarer values. If the frequency
distribution p is known, the shortest total code can be achieved by assigning each value i a unique, preﬁx
free codeword (no codeword is the ﬁrst part of another) of length li = log2 (1=pi) bits, where pi is the
frequency with which the value i occurs [59]. This results in an optimal code length of
H (p) = Ep {l} =
n ∑
i=1
pi log2
1
pi
(1)
bits per symbol, where H (p) deﬁnes the entropy of probability distribution p. Because the symbol
codeword lengths are limited to integers, it is not always possible to achieve this optimal total code
length, known as the entropy bound. Huffman coding [54] is an algorithm that ﬁnds an optimal
set of codewords (a dictionary) that approaches the entropy bound as closely as possible with a one
codeword per value scheme. Arithmetic coding [57] codes the whole stream of values at once and
can get even closer to the entropy bound. Both Huffman and arithmetic coding approaches result in a
uniquely decodable sequence that can be decoded with knowledge of the dictionary or of the probability
distribution that was used to generate the dictionary. For a more detailed introduction in entropy coding
and a connection to hydrological forecast evaluation, see [5].
Figure 1. Overhead above the entropy limit of the best benchmark algorithm, Huffman
coding, and arithmetic coding. The latter two exclude the dictionary.
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3.2. Reducing the Overhead
In order to explore the limits and overhead of distribution-based coding approaches, we tested the
performance of Huffman coding and arithmetic coding when the distribution is known a priori. In
other words, we looked at the resulting ﬁle size excluding the storage of the dictionary. As Figure 1
shows, the description length for the best benchmark compression of P is larger than the arithmetic code
but incidentally smaller than the Huffman code. One basin had an overhead of 2.7 bits for Pperm (not
shown because out of scale). This is probably because that time series was relatively short compared
with the others time series. The arithmetic code comes indistinguishably close to the entropy-bound.
This indicates that a way forward for better compression is to ﬁnd a description for the distribution
that is shorter than the overhead of the existing algorithms over the arithmetic code. We will use
both Huffman and arithmetic coding as back-ends for HydroZIP, which ﬁrst tries to ﬁnd improved
probabilistic descriptions of the hydrological data that can be used to generate the dictionaries from
a compact description.
3.3. The Structure in Hydrological Data
In this paper, we focus on time series of daily average Q and P, which are available for a large set of
catchments. The types of structure found in these data, however, are also common at other time scales.
An important part of the structure in rainfall–runoff data originates from the rainfall–runoff process. The
fact that this structure exists makes streamﬂow prediction possible. It also allows efﬁcient descriptions
of rainfall and runoff time series when compressed together in one ﬁle. Such a ﬁle should then contain
a form of a hydrological model, since that is hopefully an effective description of the rainfall–runoff
process. We leave the exploration of rainfall–runoff models as compressors for future work, and in this
paper we only consider single time series of either P or Q and focus on ﬁnding good time series models
of them.
The structures we can exploit in the individual time series are the following:
1. Frequency distributions are generally smooth, allowing them to be parametrized instead of stored
in a table.
2. Often longer dry periods occur, leading to series of zeros in rainfall and smooth recessions in
streamﬂow.
3. Autocorrelation is often strong for streamﬂow, making entropy rate H(Xt|Xt−1) signiﬁcantly
lower than the entropy H(Xt). Also, distribution of differences from one time step to the next
will have a lower entropy: H(Xt − Xt−1) < H(Xt).
In this paper these forms of structure are used in HydroZIP to compactly describe hydrological data.Entropy 2013, 15 1295
Figure 2. Flowchart of the HydroZIP and HydroUNZIP algorithms. For the coding,
different parametric distributions are tried and their expected ﬁle sizes (bps) estimated using
Equation (2). The most efﬁcient parametric distribution description is then used to perform
arithmetic coding and Huffman coding. The shortest bit stream of these two is then chosen
and stored with the appropriate header information to decode. The decoding deciphers the
header and then performs all reverse operations to yield the original signal.
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3.4. General Design of the Compressor and Compressed File
To achieve the shortest description of data, HydroZIP tries out compressing them by different
approaches and afterward chooses the most effective (see Figure 2). For the description length, this
ﬂexibility in methods only comes at the cost of a few bits in the compressed ﬁle that specify which
method was used to compress it, hence how to decompress it. Since for both Huffmann and arithmetic
coding, the dictionary uniquely follows from the probabilities of the symbols to code, it is possible to
decode the stream when the probabilities used to code the stream are known, which obviates the need
to store the dictionary. Although probabilities that are equal to the frequencies result in an optimal
dictionary, also approximate probabilities can be used for generating the dictionary and subsequent
coding and decoding. When the approximation is good and can be described compactly, the compressor
could outperform the ones that store the full dictionary in the compressed ﬁle.
3.5. Encoding the Distribution
The ﬁrst step of the compressor is to try different parametric distributions as approximations for the
marginal frequency distribution of the data. The ﬁle size can be estimated by
L = N [DKL(f||g) + H(f)] + 8M (2)
in which L is the total number of bits to describe the data, N is the number of data points, DKL(f||g)
is the Kullback–Leibler divergence from frequency distribution vector f and approximated distribution
vector g (pcode in Figure 2). M is the number of parameters needed to describe the distribution, which
are coded with 8 bits each. L could also be written as
L =
N ∑
i=1
[−log(gji)] + 8M (3)
where gji is the estimated probability assigned to the observed value ji at position i in the time series.
Note the similarity with a maximum likelihood approach that includes a penalization for the number of
parameters, such as the Akaike Information Criterion (AIC); [60,61].
The parametric distribution approximations that are tested are the Gaussian, exponential, P(0)
+ exponential for nonzero, P(0) + two parameter gamma for nonzero; see Figure 3 for examples.
Furthermore, the skew-Laplace distribution is tested for the lag-1 differences of the data. Taking the
differences is one of the pre-processing approaches described in the next subsection.
For all distributions, the parameters are ﬁrst estimated from the data, and then mapped to a 0 to 255
range integer, which can be stored in one byte. The distribution is then regenerated from this rounded
valueandusedforcodingwithoneoftheback-endcodingmechanisms. Thisensuresthatthedistribution
used for coding is exactly equal to the one that can be regenerated from the parameters stored in the
compressed ﬁle.Entropy 2013, 15 1297
Figure3. Someexamplesofcodingthedatafrequencydistributions(inblue), approximating
them (in red) with normal (left) and a two-parameter gamma distribution (right), where the
probability of zeros occurring is coded as a separate parameter. The top row shows the
data for Q, the bottom row for P, both from the basin of gauge nr. 1,321,000. Choosing the
algorithm that leads to the smallest description length in bits per symbol (bps) is analogous to
the inference of the most reasonable distribution: Gaussian for log(Q) and for P a probability
of no rain plus a two parameter gamma for the rainy days. The entropy (H) and vector of 8
bit parameters are also shown.
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3.6. Efﬁcient Description of Temporal Dependencies
To exploit the temporal dependencies in hydrological time series, two approaches were tried. Firstly,
run length encoding (RLE [62]) of zeros is tried, which can make use of runs of zeros for rainfall series
in dry climates or discharge in ephemeral streams. If three or more subsequent zeros are encountered, a
special marker symbol RLE is inserted (the number 256), followed by the number of zeros minus three.
If a run of more than 258 zeros is encountered, it is stored as multiple separate runs to avoid confusion
of the count with the marker symbol. The resulting RLE series, now consisting of 257 unique symbols,
is coded using one of the parametric distributions mentioned in the previous subsection and subsequent
arithmetic or Huffman coding.Entropy 2013, 15 1298
The second method takes the differences of each value with its preceding value. To avoid negative
numbers in the transformed time series, the negative minimum  is subtracted from the entire series and
supplied as the ﬁrst value of the series for decoding purposes. The frequency distribution of the resulting
series of differences is approximated using skew-Laplace distribution, see Equation (4) and Figure 4 in
the results section.
f(x;;;) =




+ exp(−( − x)) for x ≤ 

+ exp(− ( − x)) for x > 
(4)
Figure 4. Example of distributions of (left) streamﬂow coded with a normal distribution,
and (right) of its lag-1 differences, coded as a skew-Laplace distribution. The entropy of the
empirical distribution on the right is less than half of the original entropy, and can be quite
well approximated with the skew-Laplace distribution (3.25 − 3.17 = 0.08 bps overhead).
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3.7. The Coded File
The coded ﬁle should be uniquely decodable and contain all information necessary to regenerate the
original time series. The auxiliary information to decode the coded stream is stored in the header; see
Figure 5. First, the padding serves to obtain a total ﬁle with an integer number of bytes, and consist of
1 to 8 bits that end after the ﬁrst 1 is found. The following four bits tell the decompressor which of the
16 predeﬁned methods was used to describe the distribution (currently, 12 are used, see Table 1). The
number of parameters used by each method is predeﬁned in the decompressor algorithm. Each parameter
is stored in one byte, but if higher precision or a wider range is required, the methods could use e.g., two
parameters to code and decode one high precision parameter.
3.8. HydroUNZIP
To check whether the information in the ﬁle is really an unambiguous, complete description of the
data, a decoding algorithm, HydroUNZIP, was also developed. The HydroUNZIP algorithm (bottom
part of Figure 2) ﬁrst reads the header of the coded ﬁle to determine which of the predeﬁned methods
was used for compression and how many parameters have to be read. Subsequently, the appropriateEntropy 2013, 15 1299
distribution is reproduced and used for decoding the data part; depending on the method, this is done
either with Huffman decoding or arithmetic decoding. Depending on the method speciﬁed in the header,
these decoded data are then further decoded if necessary, using run length decoding or decoding the
differences. The ﬁnal output of HydroUNZIP should be exactly equal to the original time series that was
coded using HydroZIP.
Figure 5. Schematic picture of the structure of the compressed ﬁle (colors correspond to
Figure 2). The header describes the distribution, parameters and coding method of the data
sequence. The padding ensures that the ﬁle can be written as an integer number of bytes.
padding (1−8 bits)
method (4 bits)
par 1 (8 bits)
par 2 (8 bits)
par M (8 bits)
data (variable size)
000011101 00111010...001110100100011010110010100111010 11001111
Table 1. The deﬁnition of the 12 current methods and corresponding parameters and ranges,
which are mapped to an 8-bits unsigned integer. The method number is coded with 4 bits.
Parametric distribution nr.(Huf) nr.(ar) precoding parameters [range]
N(;) 2 10 ;[0-255]
exp() 3 11 [0-255]
exp(x̸=0) + P(0) 4 12 x̸=0[0-255]; P(0)[0-1]
 (;)+ P(0) 5 13 x̸=0[0-5.1]; x̸=0[0-51]; P(0)[0-1]
 (;)+P(0)+P(RLE) 6 14 RLE x̸=0[0-5.1]; x̸=0[0-51]; P(0),P(RLE)[0-1]
skew-Laplace(;;)+ K 7 15 Diff mu;[0-255], K[0-512]
The coded ﬁles were indeed conﬁrmed to be lossless descriptions of the original data, reproducing
them without errors. This means we can interpret the sizes of the compressed ﬁles as measures of
information content, and the compressed ﬁles themselves as efﬁcient descriptions or models of the data.
The ﬁle sizes will be presented in the results.
4. Results
Resulting ﬁle sizes of the different compression algorithms can be interpreted as estimations of the
information content of the data that were compressed. The description methods used to achieve efﬁcient
compression can be interpreted as models for those data. The comparison of HydroZIP results with the
benchmark can serve to test whether hydrological knowledge leads to better models for hydrological
data, when model adequacy is measured by compression efﬁciency. Furthermore the spatial patterns of
compression results and most efﬁcient methods are presented.Entropy 2013, 15 1300
4.1. Results of the Benchmark Algorithms
Figure 6 gives an overview of the best compression rates achieved by existing algorithms on P
and Q , as a function of location of the data. The results generally show a better compression for
P, due to its lower entropy, but Q can often be compressed well below its entropy, due to the strong
autocorrelation. Furthermore, it is visible that western climate, with more long dry spells, generally
yields more compressible time series of P and Q. Note, however, that results should be interpreted with
caution due to the inﬂuence of the scaling and quantization procedure used before compressing. For
more elaborate discussion on the results of benchmark algorithms and spatial patterns, and a discussion
on subjectivity of information content, see [5].
Figure 6. Spatial distribution of the compression results with the best benchmark algorithms
for each time series of rainfall (left) and streamﬂow (right).
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4.2. Results for Compression with HydroZIP
We can see from Figure 7 that HydroZIP outperformed the benchmark algorithms on all rainfall series
and a good part of the streamﬂow series, with 90% of the compressed ﬁle size reductions falling between
1.4% and 11.8% for compression of P; see Table 2 for more statistics. For the permuted series on the
right, where temporal dependencies cannot be exploited for compression, the results are even more
pronounced. This result indicates that the main gain of HydroZIP is due to the efﬁcient characterization
of the distribution, and the fact that these parametric distributions are good ﬁts to the hydrological
data. The less pronounced difference in the original time series may indicate that there is still room
for improvement for the coding of temporal dependencies, which apparently works well for some of the
benchmark algorithms.
As can be seen from Figure 8, HydroZIP can outperform all benchmark algorithms in all basins by
using an efﬁcient description of a two parameter gamma distribution for wet days, and the probability
of dry days as a separate parameter, either after run length encoding of the dry spells (legend: RLE)
or directly (legend:   + P(0)). Analogously, we can say that the compression experiment yielded the
inference that daily precipitation is best modeled as a mixture of an occurrence process and a intensity
process. This model is in line with [63,64], who also used AIC for model selection, which can be
interpreted as analogous to our present approach of ﬁnding the shortest description for the data. Also
the fact that we found the gamma distribution to be a powerful description for compression of the dataEntropy 2013, 15 1301
is in line with the widespread use of the gamma distribution to describe daily rainfall amounts [65–67],
although other distributions are sometimes found to behave better, especially in the tail [68]. In general,
ﬁnding good compressors for environmental time series is completely analogous to modeling those
series, such as done in, e.g., [69–71].
Figure 7. Comparison of ﬁle size after compression between HydroZIP and the best
compression of the benchmark algorithms. Each point represents the data for one catchment.
Points below the line indicate that HydroZIP outperforms the benchmark. The left ﬁgure
shows results for the time series of rainfall and runoff. For the right ﬁgure, these time series
are randomly permuted to exclude the effect of temporal dependencies.
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Table 2. Quantiles over the set of 431 basins of percentage ﬁle size reduction of HydroZIP
over benchmark. Negative values indicate a larger ﬁle size for HydroZIP.
quantile ﬁle size reduction (%)
P Q Pperm Qperm
Min −2.5 −83.2 3.5 15.0
5% 1.4 −9.6 4.7 48.4
50% 5.5 −0.3 6.8 57.7
95% 11.8 2.8 17.0 70.5
Max 34.2 15.4 36.7 83.5Entropy 2013, 15 1302
Figure 8. Geographical spread of best performance compression methods for P.
 
Best algorithm for P
Γ+P(0)(huf)
RLE(huf)
Γ+P(0)(ar)
RLE(ar)
Figure 9. Geographical spread of best performance compression methods for Q. For the
locations with circles, one of the benchmark algorithms performed best. The stars indicate
the HydroZIP algorithm using coding of the differences.
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The best compression algorithms for streamﬂow show a more diverse geographical picture (Figure 9).
Only in 199 out of 431 basins was HydroZIP able to outperform the best benchmark algorithm, using
the method of coding the lag-1 differences with a skew-Laplace distribution (the stars in Figure 9); see
Figure 4 for an example of the efﬁciency of this method. From Figure 10 it becomes clear that the better
performance of the benchmark algorithms is mainly due to the efﬁcient use of temporal dependencies in
those algorithms, since for the randomly permuted series HydroZIP outperforms the benchmark in 364
out of 431 basins.
Figure 10. Geographical spread of best performance compression methods for the randomly
permuted Q series. HydroZIP outperforms the benchmark everywhere except at the green
and dark blue circles.
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5. Discussion and Conclusion
5.1. Discussion
Although the percentage gains in compression of HydroZIP over the benchmark are generally small
and of limited use for practical compression use, they are signiﬁcant from an inference-perspective. This
signiﬁcance stems from the fact the ﬁle sizes approach an unknown limit (the uncomputable Kolmogorov
complexity of the data) from above. This means the percentage gain in terms of reduced redundancy
above the limit is larger than the percentage ﬁle size decrease.Entropy 2013, 15 1304
The results for compressing hydrological time series with our hydrology-speciﬁc compressor,
HydroZIP, showed that indeed we were able to improve compression ratios of the best generic
compression algorithms in our benchmark set. This improvement conﬁrms the theoretical notion
that prior knowledge about data structure should lead to better compression, or equivalently to better
predictions of the data points. For rainfall, the prior knowledge allowed us to outperform all benchmark
algorithms over all tested river basins. The prior knowledge that improved the compression for
rainfall includes:
1. rainfall amounts can be described by a smooth, parametric distribution
2. dry days may be modeled separately
3. dry spells have the tendency to persist for multiple days, or even months
4. several candidate distributions from hydrological literature
In contrast, the prior knowledge in most benchmark compression algorithms does not assume any
smoothness in the distributions; rather, they store a full dictionary optimized for the occurrence
frequencies of the data. Furthermore the benchmark algorithms look for reoccurring sequences that
are common in, e.g., text ﬁles, but in complex hydrological systems, nature rarely repeats its own
behaviour exactly.
From a model complexity perspective, we can say that the full dictionary is a description that is too
long compared with the amount of data coded with it or, analogously, that the 256 bin histogram is a
model too complex for the data. If seen in a Bayesian framework, the dictionary is a model with a
long description, hence a small prior probability [15,21]. Even though the coded data will be shorter
because the codes correspond better to the frequency distribution of the data (analogous to a higher
likelihood), this gain is offset by the description of the dictionary (the lower prior). In HydroZIP, the
data are less efﬁciently coded, but the ﬁle header is very short compared with the full dictionary. This
coding can be interpreted as a model with lower likelihood, but higher prior probability. The shorter
total description indicates that the posterior probability of the parametric model is higher than that of
the histogram, because model complexity and amount of data are balanced better. Furthermore, it is
likely that if new data from the same source were compressed using the same codewords, the simpler
model used in HydroZIP would yield a similar performance as on the old data, while the more complex
model would perform worse, because the histogram will now be not optimally tuned to the frequencies,
therefore losing the likelihood advantage but still keeping the prior disadvantage. Stated differently,
over-ﬁtted models perform worse in prediction.
In our consideration of description length, we did not include the size of the decompression algorithm
executable ﬁle. This size should be included to apply the algorithmic information theory framework
correctly. At the present stage, it is difﬁcult to determine the algorithm size, since it consists of a set
of MATLAB functions that also use existing toolboxes, but we hope to address this in future work.
It should be noted that our decompression algorithm is universal for the whole MOPEX data set, and
any time-series-speciﬁc information is stored in the compressed ﬁle and counted toward the description
length. Consequently, the size of the decompression algorithms can be divided over the number of data
points of the entire data set when considering this additional complexity penalization. It is therefore
expected that this will not have a large inﬂuence on the results presented in bits per symbol.Entropy 2013, 15 1305
5.2. Caveats and Future Work
In this work, we considered individual time series of P and Q and looked for ways to describe their
internal dependencies efﬁciently by using hydrological knowledge. However, a more central problem in
hydrologyisthepredictionofvariouscomponentsofthehydrologicalcycle, basedonknowledgeofother
components and properties of the system. The most classical example is the prediction of streamﬂow
from precipitation. These rainfall–runoff models should theoretically help to compress combined data
sets of rainfall and streamﬂow. Conversely, ﬁnding the best compression algorithm should result in
something that looks like a rainfall–runoff model, combined with an efﬁcient description of internal
dependencies of rainfall. This combined compression is the subject of an ongoing investigation where
hydrological models are incorporated into the compression procedure. The compression framework also
offers new ways to interpret a decomposition of Kullback–Leibler divergence in the context of forecast
veriﬁcation of probabilistic forecasts [37].
Another point that is worth further investigation is the pre-treatment and quantization of the data.
In the present study, the starting points were pre-processed series that were scaled and quantized to
a integers over an 8 bit range. These integers were subsequently coded with lossless compression
algorithms. Nevertheless, a loss of information already occurs in the quantization step, hence it would
be an interesting next step to consider the combined preprocessing, scaling, quantization and coding
as one process of lossy compression. This will allow considering optimal quantization schemes and
information loss versus description efﬁciency. This trade-off can be related to measurement accuracy
and true information content of measured data, especially in the context of structural measurement
errors [72,73].
Furthermore, the scaling could be considered as an integral part of the description process. It would
be more natural not to assume the minimum and maximum values of the time series as known a priori.
In reality, these values are important pieces of information that are learned from a time series. In our
present study, this aspect is somewhat clouded by the scaling, which makes the data seem more regular
and less surprising than is usually the case in nature. On the other hand, when a high peak occurs, the
scaling will compress the rest of the series in a smaller range. This causes a reverse effect by making the
data seem less informative. Hence, in the present study the mapping of the original information content
in the time series to that of the quantized time series should be interpreted with caution. The subjectivity
of this mapping is a general problem when determining information content of time series that becomes
explicit when using information-theoretical methods.
In future research, we also plan to include more alternative distributions in HydroZIP so that it
becomes a more complete inference framework and can achieve better compression.
5.3. Conclusion
As a ﬁrst attempt of including hydrological knowledge in the compression of hydrological data, we
were able to show that indeed compression rates could be enhanced in many cases. This opens up an
interesting line of research in which inferences are used for better compression, but this compression is
also used as a natural framework to view the way we learn from hydrological data. This puts informationEntropy 2013, 15 1306
in a central role for model inference and prediction across scales, which are the core tasks but also the
main challenges of hydrology.
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